Introduction
The quality control of thermal insulating material typically focuses on determining the value of the thermal conductiv− ity l. For this purpose, special plate apparatuses are used which are based mainly on stationary heat transfer condi− tions [1] . Thermal conductivity coefficient characterizes the material property for steady state heat flow only. To define the dynamical states of the heat diffusion in the material, it is necessary to know the coefficient of the thermal diffusi− vity a. Knowing these two parameters allows us to carry out the third basic heat parameter, i.e., the heat capacity r × c p . These parameters are related by the following relationship
Due to low value of the thermal capacity r × c p of ther− mal insulating material, it is difficult to determine it by a calorimetric method. Therefore, to determine the coeffi− cient of thermal diffusivity of thermal insulating material may be in this case an alternative solution.
Periodic heating technique
The periodic heating technique is based on the diffusion of heat wave in the sample, due to a response to the tempera− ture harmonic excitation [2] [3] [4] [5] [6] [7] 
In a near surface region, the changes of a temperature can be expressed as 
assuming the case of semi−infinite planar specimen [8] . Fi− gure 1 shows a draft of the phenomenon. It can be noticed that inside the semi−infinite specimen the temperature varies according to the cosine function, with respective attenuation of amplitude and phase shift. The thermal diffusion length of temperature waves μ can be defined as the distance over which the wave amplitude decreases e−times m w = 2a .
Due to the fact that the thermal diffusion length is in− versely proportional to the frequency of temperature stimu− lation, thermal properties of selected thick subsurface layer of a specimen can be tested. Knowing the wave period t 0 and measuring the velocity v of a heat wave, we can deter− mine the value of the coefficient of thermal diffusivity [2, 8] 
The above−mentioned solution for one−dimensional heat diffusion model is based on the assumption that the sample is a semi−infinite body, namely
In a real experiment, it is difficult to meet this ideal con− dition. Typically, in experiments, a specimen of finite di− mensions with the ideal assumptions of boundary condi− tions on the surfaces (the heat transfer coefficient a = 0) is used [2, 6] . Performing the experiment in the gas medium (e.g. air), the coefficient of heat transfer on the surface for natural convection may be in the range from 5 to 30 W/(m 2 K) [1] . If a sample of high thermal conductivity is tested [e.g. made of metal, l > 100 W/(mK)], the boundary conditions occurring on the surfaces of the sample have a negligible impact on the temperature distribution inside the sample. Heat flux density in surfaces of the sample is much smaller than the heat flux flowing along the sample (Fig. 1, x−axis) .
If foamed polystyrene l = 0.04 W/(mK), is the object of test, the effect of boundary conditions on temperature field distribution in the sample may be significant, and the solu− tion of the inverse problem Eq. (5), determining the thermal diffusivity may be inaccurate [9] . To test the usefulness of Eq. (5) for determination of coefficient of thermal diffusi− vity of thermal insulation materials, the simulation study was conducted on the basis of 3D model of the sample tak− ing into account the actual boundary conditions.
Model of phenomenon of heat diffusion in sample material
In order to perform simulations of phenomenon of heat dif− fusion in the tested sample, 3D mathematical model, based on the general equation of the Fourier−Kirchhoff, was created
where r is the density, c p is the specific heat, l is the thermal conductivity, Q is the volume power denisity, T is the tem− perature, t is the time, and Ñ is the Hamilton operator. A sample of material with dimensions (xyz) 0.04 × 0.04 × 0.12 m, was modeled in a rectangular, three−dimensional coordinate system, as a section of a symmetrical quadrant using the finite elements, Fig. 2 .
For a rectangular base surface of the sample (z = 0) tem− perature harmonic excitation described by Eq. (2) was used.
For the remaining areas, the boundary conditions, so−called, the third kind Fourier boundary conditions a Î á5-30ñ W/(m 2 K) were applied. For the modeled samples of mate− rial, the typical thermal values for polystyrene l = 0.04 W/(mK), a = 2.4×10 -6 m 2 /s were taken. Figure 3 shows temperature increase field for symmetric quarter of a sample after 130 s.
In order to determine the velocity v of a heat wave in the modeled sample, a correlation function was used [10] . As output data waveforms calculated in the model of increase Opto−Electron. Rev., 20, no. 1, 2012
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In the algorithm for input data vectors T 1 (t) and T 2 (t) estimate of covariance function is calculated. This algo− rithm is to calculate the average value for the input data, then the average value is subtracted from the input data and estimate is determined by cross−covariance function [11] , (8) where x = T 1 (t) and y = T 3 (t). Figure 5 shows the normalized estimate of cross−covariance function for time waveforms of temperature increases T 1 (t) and T 3 (t) presented in Fig. 4 . When setting the time t z , for which the cross−covariance function reaches the maximum, the propagation speed v can be determined by a heat wave
Simulation results
In order to verify the suitability of Eq. (5) for determining the coefficient of thermal diffusivity of thermal insulating material a in a real experiment, the simulation was carried out with applied presented 3D model of the sample taking into account the boundary conditions. The simulations assumed the coefficient of heat transfer on the surface for natural convection in air a Î á5-30ñ W/(m 2 K). Table 1 summarizes the simulation results, which show a significant effect of the boundary conditions a on the late− ral surfaces of the samples on the results of estimated coeffi− cient of thermal diffusivity of thermal insulating material determined by Eq. (5). These results show significant error which disqualifies the use of Eq. (5) to determine thermal diffusivity of thermal insulating material - Table 1 .
An idea of using artificial neural network
The solution of the coefficient inverse problem is well docu− mented. The determination of heat diffusion by means of minimization of the mean squared error (tuned model of the heat conductivity) was presented in previous papers [1] . Its advantage is the possibility of taking into consideration arbitrarily chosen boundary conditions and input tempera− ture profile during sample heating. The disadvantage is computational burden. In this work, it is attempted to inves− Thermal diffusivity measurement of insulating material using infrared thermography 
for the measurement points that are in the distance by Dz = 5 mm. tigate usability of the artificial neural network to solve the coefficient inverse problem, as an alternative to classical solutions. It is proposed to apply an artificial neural network, which would determine the coefficient of the thermal diffu− sivity a on the basis: of the heat transfer coefficient a on the sample's surface, the thermal conductivity l of the sample, and the time of moving of the thermal wave amplitude t z on the sample's surface for the distance Dz determined from experiment.
A neural network can learn a phenomenon model when analytic description is complicated or unknown. At the learning process, values of the input quantities (a, l, and t z ) of the modelled phenomenon are presented at the network inputs and values of the output quantities (heat diffusivity a of the sample) of the modelled phenomenon at the network outputs. The key problem is optimal selection of the net− work architecture. Different types of neural network have specific limitations in terms of functions they can represent. A lot of possible applications of neural networks have not yet been investigated or are still under research. In this work, an attempt was made to investigate usability of a neu− ral network in solving the coefficient inverse problem. In computer simulations it is defined simple network architec− ture and in the next stage its performance is tested for the model of heat conduction.
Selection and network learning
Using the presented 3D model of heat diffusion in the tested sample, learning vectors for neural network were generated. Determination of the thermal diffusivity a depends on the combination of heat transfer coefficients on the sample's surface a and on thermal conductivity of the sample l and the t z . The number of learning vectors is growing geometri− cally in relation to the amount of assumed values of the in− put data. Each coefficient will have 10 values from the as− sumed range a Î á1.0-6.0ñ10 -6 m 2 /s, l Î á2.0-8.0ñ10 -2 W/(mK) and a Î á5.0-15ñ W/(m 2 K). The combination of these values gives 1000 learning vectors. Figure 6 shows how the input data a, l, and t z , are pre− sented at the input of a neural network, which on this basis identifies the thermal diffusivity a of the material. Test vec− tors were generated in order to verify that the network responds properly for other values of a, l, and a parameters than those contained in the learning vectors. Each coeffi− cient will have 10 randomly selected values from the assu− med range: a Î á1.0-6.0ñ10 -6 m 2 /s, l Î á20-8.0ñ10 -2 W/(mK) and a Î á5.0-15ñ W/(m 2 K). The combination of these values gives 1000 testing vectors. The process of calculating the heat diffusion model for 1000 combinations of input para− meters by finite element method (FEM) on a modern PC computer takes about one day.
In the research work related to the presented project, a number of trial simulations for a number of artificial neu− ral network architectures were performed. The aim was to determine the possible optimal configuration of the used network. It was assumed that the neural network must have a structure as simple as possible, so that it could be easy to implement in the program of a microcontroller. Such a net− work must approximate the model of inverse heat diffusion problem with sufficient accuracy. In addition, the network should sufficiently generalize the model of the phenomenon of heat diffusion with a low sensitivity to measurement errors occurring in the input measurement data.
The two−layer nonlinear neural network was chosen as an optimal architecture: 50 neurons with hyperbolic tangent activation function in the first layer. The output layer has one neuron with linear activation function. The process of network learning is limited to 200 epochs. The traditional error back propagation algorithm using the Levenberg− −Marquardt method of minimizing the mean square error was used. Simpler structure of nonlinear neural networks showed greater flexibility of approximation of the coeffi− cient inverse problem model. Simulations showed that the optimal solution is the using of neurons with hyperbolic tan− gent activation function in the input and hidden layer. In the case of output layer, neurons with a linear activation func− tion are sufficient. Figure 7 shows the network learning process. Figure 8 shows the values of relative error of the coeffi− cient a at a learning stage.
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A very important problem in determining the usefulness of taught neural network is an assessment of effect of mea− surement errors on the results of the identification of ther− mal parameters. Not always good ability of the network to generalize the ideal model goes hand in hand with its little sensitivity to the practical measurement errors in the input data vector.
The model simulations tested the effect of measurement errors of the measured input values on the value of identi− fied heat parameter. It was assumed that the described mea− surement system will be used in industrial measurements. Therefore, the uncertainty of several percent is a sufficient condition. It was assumed that the result of parameters iden− tification may be influenced by: l measurement error of temperature increase associated with the measurement performed by infrared camera [12] [13] [14] , l error estimate of the heat transfer coefficient a on the sample surface, l measurement error of a coefficient of the thermal con− ductivity l of a sample.
It was assumed that these input quantities are described by symmetrical, rectangular probability distributions with the following half widths DT(t) = 0.1 K, da = 5%, dl = 5%.
The simulations used the principle of propagation of probability distributions as the basis for calculating the uncertainty, which is implemented by solving a mathemati− cal measurement model using Monte Carlo method [15] .
Simulations were performed for the assumed values of identified parameters of the sample a = 2.3×10 -6 m 2 /s, a = 10 W/(m 2 K), l = 4.0×10 -2 W/(mK). The distribution func− tion G(a) was determined for the output neural network, from mathematical model based on above assumed input values distribution Fig. 10 . Table 2 shows the following parameters determined from distribution: the expectation, standard deviation and 95% coverage interval. The results show that the above set of input measure− ment uncertainties, the relative uncertainty of determined thermal diffusivity at 0.95 confidence level does not exceed 3%.
Experiment results
In order to verify the simulation model and to examine the possibility of determining the coefficient of thermal diffusi− vity of insulating material, the infrared measurements pre− liminary experiment was carried out.
The experiment involved ThermaCAM PM595 infrared camera placed on a stand [13] . Measurements were made in a special test chamber with high emissivity of interior walls. Thermal imaging system enables you to record up to 50 thermal images per second. Data recording and processing software company uses FLIR ThermaCAM Researcher Pro− fessional Version 2.9 for Windows XP. In order to achieve the temperature force of a harmonic nature, a special measuring system was constructed, which uses the Peltier element - Fig. 11 . This element due to ther− moelectric phenomenon allows for both, feeding (heating) and carry away of heat flux (cooling) from the surface of the sample material. ADUC834 microcontroller system con− trols the electric power supplied to the Peltier element. To reach the nature of temperature force, as close as possible to the assumed Eq. (2), digital PI controller was implemented in the micro controller, which controls the operation of PWM power supply. Using specially made resistive sen− sors, the control system measures temperature on both active surfaces of the Peltier element. Figure 12 shows an example of any thermogram recor− ded by thermal imaging camera at the experiment. Figure 13 shows the waveforms, recorded by infrared camera during the experiment, of the temperature increases time T 1 (z = 0; t), T 2 (z = 0.05; t) and T 3 (z = 0.01; t) on the late− ral surface of the sample for selected measurement point coordinates separated by a 5−mm distance. Furthermore, Fig. 7 shows the time waveforms of temperature increase T 2 '(t), T 3 '(t) determined numerically, based on the above presented model of the phenomenon for a force T 1 (t) set in the experiment. The temperature T 1 (t) corresponds to that indicated above written in the form T 1 (z = 0; t).
The value of the coefficient of thermal diffusivity obtained in the experiment can be calculated using an algo− rithm of tuned model: solve direct problem to the heat diffu− sion and optimizing the mean square error between the ther− mal waveforms obtained from the model and experiment.
For assumed in a model the heat transfer coefficient a = 5 W/m 2 K, the estimated value of thermal diffusivity of the material is a = 2.4×10 -6 m 2 /s.
The estimated value of the coefficient of thermal diffusi− vity of the sample material by the learned artificial neural network for the experiment carried out 2.4×10 -6 m 2 /s. The result is consistent with the results obtained using the tuned model, minimizing the mean square error.
The resulting value is also consistent with the results of research carried out by a pulse method at the Laboratory of the Institute of the Air Technique of the Military University of Technology in Warsaw where the diffusion coefficient was a »(1-4)10 -6 , m 2 /s [16] . The measurement had signifi− cant uncertainty, in this case one can speak only of the order of magnitude.
Conclusions
The results of the simulations showed that the solution described by Eq. (5) for thermo−wave method of measuring thermal diffusivity, in case of thermal insulation materials is inaccurate. Reliable results are obtained here only for a »0. Equation (5) for one−dimensional heat diffusion model is based on the assumption that the sample is a semi−infinite body, Eq. (6). In the case of insulating material, the bound− ary conditions on the side surfaces have a significant effect on temperature distribution in the sample, which should be considered in solving the inverse problem.
The results of experiment confirm the usefulness of method for thermovision measurements to determine the coefficient of thermal diffusivity of thermal insulation mate− rials - Fig. 10 . However, it is necessary to take into consid− eration in a mathematical model of the phenomenon the boundary conditions on the lateral surfaces of the sample. Algorithm of determining the thermal parameters of the material using a model derived from the solution of the direct problem of a heat diffusion and mean square error minimization, has been detailed in previous publications […] . Its advantage is the ability to include arbitrary, variable boundary conditions that occur during the measurement. The shape of the temperature force can be arbitrary and is included in the calculation. However, the algorithm of tuned model requires a relatively large amount of mathematical operations, so that the high−performance computer is needed. This solution increases the measurement time asso− ciated with the numerical calculations and greatly increases the cost of a measurement system. Therefore, the concept of using an artificial neural network had been examined. Trained neural network based on the temperature responses on the lateral surface of the sample measured by infrared thermography, quickly would determine the thermo−physi− cal parameter. The obtained results confirm the usefulness of the use of artificial intelligence methods to solve the coef− ficient inverse problem using infrared measurement me− thods. The use of contact methods for temperature measur− ing of the sample surface of heat−insulating material is not recommended because of the significant measurement error. The error is due to the disturbance of temperature field, which is caused by the temperature sensor placed on the surface of the sample.
